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Accurately predicting the formation, development and dissipation of fog and low stratus (LS) still poses a
challenge for numerical weather prediction (NWP) models. Errors in the low cloud cover NWP forecasts
directly impact the quality of photovoltaic (PV) power prediction. On days with LS, day-ahead forecast
errors of Germany-wide PV power frequently lie within the magnitude of the balance energy and thus
pose a challenge for maintaining grid stability. An indication in advance about the possible occurrence of
a critical weather situation such as LS would represent a helpful tool for transmission system operators
(TSOs) in their day-to-day business. In the following, a detection algorithm for low stratus risk (LSR) is
developed and applied as post-processing to the NWP model forecasts of the regional non-hydrostatic
model COSMO-DE, operational at the German Weather Service. The aim of the LSR product is to sup-
ply day-ahead warnings and to support the decision making process of the TSOs. The quality of the LSR is
assessed by comparing the computed regions of LSR occurrence with a satellite based cloud classiﬁcation
product from the Nowcasting Satellite Facility (NWCSAF). The results show that the LSR provides
additional information that should in particular be useful for risk adverse users.
© 2016 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).1. Introduction
The contribution of renewable energy is constantly increasing
within the power mix. On sunny days in Germany, the feed-in of
photovoltaic (PV) power reaches maximums as high as 40% of the
overall electricity demand [1]. Germany currently has an installed
capacity of almost 40 GW with over 1.5 million PV power plants.
With the increase in installed capacities, ramps in the power feed-
in present growing challenges. For example, the solar eclipse on the
20 March 2015 posed a challenge for the transmission system op-
erators (TSOs) as it caused high feed-in gradients of
4.3 GW(15 min)1 [2]. The German policy makers propose an
installed PV capacity between 52 and 70 GWp until 2020 [3]. Whenr).
r Ltd. This is an open access articleincreasing the installed power, such large temporal power pro-
duction gradients will occur in the morning hours with clear sky
conditions on a regular basis in the near future [4]. This is because
the PV power production will increase from zero during night to
power production levels that are higher than nowadays. Preparing
for these future scenarios includes a better grasp of the un-
certainties that are coupled with the underlying numerical weather
prediction (NWP) forecasts. Errors in these forecasts of solar radi-
ation cause a direct error in PV power prediction. Depending on the
model forecast quality, the TSOs are able to regulate appropriately
the energy market well in advance. The occurrence of low stratus
clouds either in reality or in the NWP model represents a special
situation. Not correctly predicted large scale low stratus causes
large discrepancies between the forecasts and the actual PV power
feed-in and therefore has a direct inﬂuence on the electricity rate
[5]. These deviations in the day-ahead forecasts can reach values ofunder the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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power. Thus the knowledge of current NWP shortcomings and
model improvements are essential to maintain net stability.
In order to obtain optimized PV power forecasts, providers of
these forecasts apply a wide range of state-of-the-art methods.
Depending on the grid operator, as well as region and time horizon,
a multitude of NWP models, remote sensing and stochastic ap-
proaches are adopted. A summary of these methods can be found
in, e.g., [6], and [7]. A short overview of operationally applied
methods is given in the following.
For short term forecasts, a large variety of auxiliary data
sources are available. For very short forecast ranges, sky images
can be processed especially in conditions with heterogeneous
clouds [8]. For short term forecasts satellite data gives valuable
information. They can be used, e.g., with a statistical method [9],
with NWP forecasts [10], or with cloud motion vectors [11]. [12]
use satellite images with surface measurements of bright sun-
shine hours for short-term PV power forecasts. However, e.g.
satellite data are only valid for a limited time range, especially due
to uncertainties concerning cloud evolution. For longer forecast
horizons, like day-ahead PV forecasts, providers often use statis-
tically post-processed model output from various numerical
weather prediction (NWP) models to obtain an optimized multi-
model forecast.
High error values in the PV power prediction are often due to
shortcomings in the underlying NWP model forecasts for global
radiation. The cloud cover causes z90% of the solar irradiance
variance [13]. Correctly capturing the temporal and regional
location of clouds is thus crucial for the global radiation forecast.
Ref. [14] for example emphasize that errors in forecasts of the low
cloud cover has an immense impact on the predicted solar radi-
ation. Detected NWP model shortcomings are: the correct repre-
sentation of shallow cumulus behind cold fronts, Saharan dust
outbreaks, and the spatial and temporal resolution of convection
as well as low stratus. The improvement of these challenges poses
a complex task. The difﬁculty of correctly modeling stable strati-
ﬁed conditions with NWP models are outlined in Ref. [15]. Studies
by Ref. [16] show, that especially the formulation of the boundary
layer is crucial for correctly modeling the onset of fog events. Also,
research in data assimilation for an improved representation of
the initial state of the atmosphere with special focus on low
stratus has been conducted [17]. At the moment satellite data is
operationally used for fog and low stratus detection algorithms,
see e.g. Refs. [18e20]. While these techniques are extremely
helpful for nowcasting and intra-day forecasts of global radiation,
they have only a small inﬂuence on day-ahead predictions of solar
radiation. Thus, the quality of day-ahead PV power production
forecasts still depends strongly on the quality of NWP model
forecast.
In order to alleviate the shortcomings in modeling fog and low
stratus forecasts, the COST-722 Action ’Short range forecasting
methods of fog, visibility and low clouds' has been conducted [21].
Also the ’Fog Remote Sensing and Modeling’ (FRAM) project [22]
dealt with these issues. Especially for airports, the forecast of fog
and low stratus is of great importance to maintain safety and
schedule. Studies concerning fog and low stratus at airports have
been numerously performed recently for, e.g, Riga Airport, Latvia
[23], Jomo Kenyatta International Airport, Kenya [24], and Belgrade
International Airport, Serbia [25]. Models dedicated to the forecast
of fog and low stratus include the one-dimensional parameterized
fog model PAFOG ([26,27]). PAFOG is initialized with COSMOmodel
forecasts as boundary data. Studies by Ref. [28] show that PAFOG is
very sensitive to initial perturbations. Additionally, the missing
advection is a shortcoming. A further one dimensional model used
for fog and low stratus at the Thessaloniki Airport in Greece, is theCOBEL (Code de Broulliard a l’ Echelle locale-Interactions Soil
Biosphere Atmosphere) model which is driven by the WRF
(Weather Research and Forecasting) Model [29]. From these site
speciﬁc studies, lessons can be learned for 3-dimensional
modeling, but are currently not operational for regional or global
forecasts.
The amount of conducted work concerning the subject of
correctly capturing fog and low stratus events reﬂects its
complexity.Whereas the short term forecasts are currently handled
by nowcasting products, seamless prediction and possibly with
data assimilation, long term forecast still solely depend on NWP
models and their improvement. Yet, for the TSOs especially the day-
ahead forecasts are of interest for the day-ahead congestion fore-
cast calculation to ensure a secure grid operation and to integrate
weather dependent energy sources efﬁciently. Furthermore these
information are used for trading activities. Moreover, given that the
forecast could not be perfect, information about the quality of the
current forecast are essential for an optimization of the TSO's de-
cision making processes [30].
In NWP, a standard approach to provide uncertainty information
about the weather prediction is to run an ensemble prediction
system (EPS, [31]). An EPS consists in running a numerical model
several times with variations of the initial conditions and model
physic parameterization. At the German Weather Service (DWD), a
high resolution EPS based on the COSMO-DE model is run opera-
tionally since May 2012 ([32] and [33]). The so-called COSMO-DE-
EPS has been ﬁrst developed focusing on high impact events such
as convective precipitation or wind gusts. With a forecast horizon
extended recently to 45 h for the 03 UTC run, the ensemble system
aims today to play a decisive role in renewable energy applications.
Ensemble forecasts of solar irradiance based on COSMO-DE-EPS
have demonstrated to provide useful information but the derived
probabilistic products suffer of a lack of reliability [34]. Indeed, the
spread of the ensemble forecast is not able to capture the variability
in the observations. The underdispersiveness of the system in-
dicates that the sources of uncertainty for solar irradiance are not
fully represented in the ensemble setup in its operational conﬁg-
uration. In particular, the sensitivity of the COSMO-DE to model
parameterization of cloud processes has not been thoroughly
investigated yet.
In the following, an approach is developed for an apriori
estimation of low stratus risk (LSR). Underlying are NWP model
forecasts from the operational regional model COSMO-DE [35] at
DWD. The algorithm for the LSR uses the thermodynamic infor-
mation supplied by the COSMO-DE direct model outputs and an
alteration of the SK-scheme [36] as post-processing. The SK-
scheme is implemented in the operational limited area NWP
model Aire Limitee Adaption Dynamique Developpement Inter-
national (ALADIN) which is operational at the Austrian Central
Institute for Meteorology and Geodynamics (ZAMG). The objec-
tive of the SK-Scheme is to improve the continental low stratus
forecast, i.e. for radiation fog. The SK-Scheme is a diagnostic
enhancement for subinversion cloudiness. The scheme is based
on the assumption that inversions are not sufﬁciently repre-
sented and the layers beneath are too far from saturation in NWP
models. The operational scheme and the settings used in the
ALADIN model can be found in Refs. [37,38] and . In Ref. [39],
improvements of the scheme over complex terrains are
addressed [39] also highlight the importance of the application of
this scheme for fog warnings (low visibility) and explicitly ad-
dresses the energy sector for its use for photovoltaic power
predictions. The SK-scheme approach is a physically based efﬁ-
cient estimate for LSR and can be used for decision making
processes by the TSOs. The presented NWP based warning for low
stratus is a new application which is able to support the TSOs
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advance.
In section 2, the characteristics of fog and low stratus are clar-
iﬁed. In section 3 of this paper, 100 days with the largest errors in
PV power forecast for 2013 and 2014 are revealed and evaluated
subjectively. The low stratus risk algorithm is presented in section
4. In section 5, the application of the LSR for a case study is
demonstrated. In section 6 the LSR is veriﬁed against a satellite
based cloud classiﬁcation product. Further work and conclusions
are drawn in section 7.
2. Deﬁnition of terms: fog and low stratus
In the following, a brief introduction is given into the charac-
teristics of fog and low stratus. While fog is a suspension of very
small droplets located on the ground reducing visibility beneath
100 m [40], low stratus is a lifted cloud cover. At times, it is difﬁcult
to differentiate between fog and low stratus, especially from a
satellite point of view [41]. Fog and low stratus evolve within stable
stratiﬁed conditions. While the low cloud cover tends to remain
above the ground during morning hours, solar heating causes the
clouds to lift and often dissipate throughout the day.
The main fog/low stratus types include radiation, advection and
upslope fog. The latter one forms when winds blow towards a
mountain and the water vapor in the lifted air condensates along
the slopes. It will not be considered hereafter. The most common
form of fog is radiation fog which typically develops under calm
conditions and through nocturnal cooling of the Earth's surface.
Radiation fog tends to dissipate by afternoon due to incoming solar
radiation. Advection fog can last several days and forms when
warm air masses move over colder surfaces. While near the coast
advection fog is more dominant, the radiation fog occurs more
often in continental regions. The 10-year relative fog/low stratus
frequency over Germany from Ref. [42] is shown in Fig. 1a. The
climatology is based on NOAA-Advanced Very High-resolution
Radiometer (AVHRR) data. In the Central-West of Germany, near
the Lower Rhine area, the frequency is rather low while the
maximum is located in vicinity of the Lake of Constance. Very high
fog frequency is observable near the Danube valley in the South-
East of Germany. A fog/low stratus climatology for the whole of
Europe based on geostationary satellite data can be found in
Ref. [43]. In Fig. 1b the installed PV-capacity in Germany Dec. 2015
is depicted with 37.39 GWp. The density of installed PV power is
especially high in the South-East of Germany, which coincides with
the regions of frequent fog occurrence. This again highlights the
importance of reliable low cloud cover knowledge.
3. Evaluation of large PV power errors
Errors in the PV power forecast are mainly linked to short-
comings in the solar radiation based on numerical weather pre-
diction models. In order to thoroughly understand the source for
the largest errors, the 100 days with the greatest errors in day-
ahead PV forecast over Germany are investigated for the years
2013 and 2014. The magnitude of the mean absolute error (MAE)
within 24 h was utilized for the ranking. Plotted in Fig. 2 are the
daily MAEs for 2013 (top) and 2014 (bottom). Marked by the red
circles are the 100 days with the largest MAE. A listing of these 100
dates can be found in the appendix in Table 2. When regarding
Fig. 2 the largest errors seem to occur mainly during spring time,
e.g. March, April, and May, whereas April stands out for both years.
In 2014 large errors are also perceivable in autumn and early
December. During spring and winter time the potential maximum
yield is lower than during the summer due to astronomical con-
ditions. Thus during these seasons the relative error is even higher.Of interest is, what kind of underlying weather events caused
these high errors in the PV forecast. Thus, all of the 100 days were
manually analyzed and the weather situations subjectively evalu-
ated by use of satellite data and numerical weather model output.
The chosen categories are low stratus (partial), low stratus (total),
low stratus with front, cirrus, clear-sky, almost clear-sky, cumulus,
mixed clouds and other. These categories along with the outcome
of the evaluation for the 100 days is depicted in Fig. 3. The outer
dark green line in Fig. 3 marks the overall occurrences of total or
partial low stratus cover over Germany (days with fog/low stratus
occurrence were italicized in Table 2). These occurrences sum up to
31% off of all the erroneous days. Thus almost a third of the largest
PV forecast errors are associated with fog and low stratus events.
The daily bias of these 31 days with fog and low stratus is shown
in Fig. 4. Overall there is a positive bias while the days with largest
errors lack the tendency for the day-ahead PV power forecast to
either under- or overestimate. This highlights the difﬁculty of
correctly capturing fog and low stratus in space and time and shows
that this shortcoming can not be solved by simply performing a bias
correction.4. Low stratus risk algorithm
Subsequently, the algorithm for the low stratus risk (LSR) is
described which is based on the so-called SK-Scheme [36]. The SK-
Scheme is partially adapted as post-processing application for NWP
model data in order to calculate the LSR. The LSR algorithm con-
siders the lowest model levels where low cloud cover can be pro-
duced by the model. For these layers below z800 hPa, the
following is performed:
 The saturation deﬁcit satdef in g/kg is computed as satdef¼ qsatq,
where q is the speciﬁc humidity and qsat is the speciﬁc humidity
at saturation.
 A model level is considered quasi-saturated if the maximum
saturation deﬁcit for a grid point is below the critical saturation
deﬁcit value satcrit, i.e. satdef < satcrit.
 The maximal inversion strength invmax in K is computed by
calculating the maximum vertical temperature gradient for all
model levels in the corresponding model column.
 The LSR is deﬁned as listed in Table 1 if a model level is quasi-
saturated and the critical inversion strength exceeded
(invmax > invcrit).
The LSR algorithm is currently applied for every gridpoint of the
non-hydrostatical regional model COSMO-DE. The underlying NWP
forecasts are the COSMO-DE 03 UTC model runs. Since mid-
November 2014 these model runs have a maximum lead time of
45 h and thus include the day-ahead prediction time frame of in-
terest to the TSOs.
In the LSR algorithm, the values for the critical saturation deﬁcit
and the critical inversion strength are chosen as outlined in Table 1.
In comparison, the values for the SK-scheme are satcrit ¼ 0.1 and
invcrit ¼ 1.5. A combination of satcrit and invcrit leads to deﬁne a
subjective level of risk as shown in Table 1. This choice of combi-
nation is based on empirical results (see section 6) and aims to
cover needs of users with different levels of risk adversity. On the
basis of these values it can already be assumed that the low stratus
risk is also valid for areas which do not only fulﬁll the rather con-
servative criteria as used in the SK-scheme, but is also triggered in
regions with a less pronounced inversion and saturation deﬁcit. In
order to quantify resulting overpredictions of low stratus regions,
the LSR is compared to a satellite based low cloud cover in section 6.
Fig. 1. Depicted are the 10-year fog/low stratus climatology from Ref. [42] (a) and the installed PV power in Germany (status from Dec. 2015) (b).
Fig. 2. Daily mean absolute error in photovoltaic day-ahead power forecasts for the
years 2013 (top) and 2014 (bottom). The days with the 100 largest errors are marked by
red circles.
Table 1
The values for the critical saturation deﬁcit and the critical inversion strength
together with the assigned low stratus risk values.
LSR in % 10 20 30 40 50 60 70 80 90 100
satcrit in g/kg 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0.01 0.001
invcrit in K 0.6 0.7 0.8 0.9 1. 1.1 1.2 1.3 1.4 1.5
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The LSR is demonstrated by means of a selected case study. On
March 2, 2013 the German TSO Amprion reported a severe over-
prediction in the day-ahead PV power forecast due to missing low
stratus prediction in their region. In the regions of the other three
German TSOs, the PV power forecast was underpredicted due to an
overprediction of medium and high cloud cover. In Fig. 5, the errors
in the PV power forecast for the four TSO regions 50 Hz, TenneT,
Amprion, and TransnetBW are shown in orange, blue, purple, and
green, respectively. Also depicted in Fig. 5 is the Germany-wide PV
day-ahead forecast and observation with the deviation marked by
the orange region. The data was retrieved from the EEX Trans-
parency Platform [44]. Please note, that the underlying NWP
models andmethods of the PV power predictions are unknown and
can not be attributed to errors of a speciﬁc NWP model like e.g. the
COSMO-DE. However, the underprediction of low stratus in the
Amprion region is of meteorological interest at this point and will
be investigated in detail.
For the evaluation, the intra-day COSMO-DE 03 UTC model
forecast is used, as the prolonged lead time up to 45 h is only
available since November 2014. Since December 2012, the mini-
mum diffusion coefﬁcient of the operational COSMO-DE version
has been reduced leading to an improvement of the low stratus
forecast. The value of the minimum diffusion coefﬁcient deﬁnes the
lower bound of the turbulent atmospheric diffusion. Reducing this
value allows the atmosphere to obtain more stable conditions.
Whereas previously predicted fog and low stratus was under-
predicted as the vertical mixing dissolved the low cloud layers too
Fig. 3. Subjectively evaluated weather situations during the 100 days with the biggest
errors for 2013 and 2014 in Germany-wide day-ahead PV power forecast. The evalu-
ation was performed by use of satellite data and numerical weather output.
Fig. 4. The bias of the 31 days where fog and low stratus was subjectively detected in
satellite images (as marked by the dark green line in Fig. 3).
C. K€ohler et al. / Renewable Energy 101 (2017) 794e803798quickly [45], the model bias is now on average reduced.
In Fig. 6 the low cloud cover forecast from the operational
COSMO-DE (left), the low stratus risk (middle) and NWCSAF cloud
classiﬁcation product (right) are illustrated for 10 UTC on March 2,
2013. The underprediction in western Germany in the COSMO-DEFig. 5. Day-ahead forecast and observed PV power feed-in on March 2, 2013. The PV
power forecast errors for this day are depicted for the four German TSO regions. The
data was downloaded from Ref. [44].low cloud cover forecast is clearly visible in comparison to the
NWCSAF plot. When comparing the low stratus risk and the low
cloud cover it is quite obvious, that the red regions with 100 % low
stratus risk coincide with the regions of predicted low cloud cover.
In these regions the inversion is distinct and the air mass is satu-
rated. Thus the conservative criteria of the LSR algorithm are met.
The regions below 100 % LSR give further information about the
simulated thermodynamic status of the atmosphere. The regions
were LSR is present are very similar to the NWCSAF classiﬁed areas
with low stratus and very low stratus (right hand side of Fig. 6).
Especially the regions of low stratus in Central-West of Germany
are well captured. Thus the LSR delivers an important gain in in-
formation opposed to solely regarding the low cloud cover forecast.
This example also shows, that the LSR is prone to overpredict low
stratus occurrence with the less restrictive criteria (LSR 1030%).
As a next step, the quality of the LSR is assessed.
6. Low stratus risk validation
In order to obtain an objective assessment of the quality of the
low stratus risk, the LSR is veriﬁed against the Nowcasting Satellite
Application Facility (NWCSAF) cloud type classiﬁcation product.
NWCSAF cloud products are acknowledged and widely used in the
sciences community. The NWCSAF data is obtained from the main
MSG (Meteosat Second Generation) geostationary satellite SEVIRI
(Spinning Enhanced Visible and Infrared Imager). The SEVIRI sat-
ellite is an optical imaging radiometer with four visible and near-
infrared as well as eight infrared channels [46]. The algorithm
description for deriving the cloud classiﬁcations can be found in
Ref. [47] and a validation for the cloud product in Ref. [48]. The
cloud types very low stratiform clouds and low stratiform clouds
where chosen as low stratus reference from the available twenty-
one categories.
As previously stated, especially the loose criteria for the low
stratus risk are designed to cause an over-warning. The low stratus
risk is mainly an indicator for possible regions of low stratus
occurrence. The COSMO-DE based LSR is compared to the corre-
sponding very low/low stratiform clouds from NWCSAF in order to
assess its quality and characteristic behavior, which strongly
depend on the underlying NWP model.
Initially, the overall frequency of occurrence of the low stratus
risk from the COSMO-DE and the very low and low stratiform cloud
types from NWCSAF cloud product is evaluated. Regions in which
other clouds were observed or areas classiﬁed as undeﬁned were
ﬂagged and not accounted for. For the evaluation, the months with
low stratus error in 2013 and 2014, as described in section 3, are
analyzed (i.e. Jan., Feb., Mar., Apr., Dec. 2013, and Jan., Mar., May,
Oct., Nov., Dec. 2014). These months contain days with PV power
forecast errors and were chosen in order to demonstrate the
additional gain of the LSR product in comparison to deterministic
COSMO-DE low stratus forecasts. Note that due to missing satellite
data, some days were not available for evaluation (listed in the
appendix in Table 3). From the COSMO-DE 03 UTC model runs, the
03, 06, 09, 12, and 15 h lead times are evaluated. Two criteria were
used, loose and conservative, with the values for the saturation
deﬁcit satcrit¼ 0.8,0.01 g/kg, the inversion strength invcrit¼ 0.6,1.4K,
and the LSR ¼ 10 %,90%, respectively. Hereby the conservative
criteria coincide with the actual forecasted COSMO-DE low cloud
cover, while the less constrictive criteria represent the additional
value of the LSR.
Shown in Fig. 7 are the lead times 03, 06 and 09 (06, 09, 12 UTC)
of the COSMO-DE 03 UTC model run from top to bottom, respec-
tively. The frequencies of occurrence are depicted from the
NWCSAF cloud classiﬁcation product (left column) and the COSMO-
DE based LSR for loose (middle column) and conservative (right
Fig. 6. Low cloud cover (left) and low stratus risk (middle) based on COSMO-DE 03 UTC model run for 10 UTC on March 2, 2013. On the right is the NWCSAF cloud classiﬁcation
product for the same time.
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occurrence as reference, the differences to the COSMO-DE based
frequencies are quite striking. On the ﬁrst glance, the low frequency
of occurrence of the LSR with conservative criteria stands out as the
values do not exceed 20%. This differs for the low stratus frequency
of the LSR with less constrictive criteria. At 06 UTC comparable
magnitudes are reached as in the NWCSAF based frequency espe-
cially in the Eastern parts over land. However, until noon the
NWCSAF based frequency of low stratus occurrence increases in
some areas up to 50% while the LSR based frequencies with loose
and conservative criteria gradually decrease. At 12 UTC, the low
stratus has dissolved in wide-areas for the COSMO-DE based LSR.
This behavior is also visible in the later lead times for 12 and 15 h
(not pictured). Particularly apparent is the low frequency above the
Baltic and North Sea in the LSR based frequencies. The low fre-
quency above the Alps is explainable by the design of the LSR al-
gorithm. Only the model levels below z800 hPa are considered
which causes the LSR algorithm not to be triggered as often in the
Alps as these levels lie beneath the topography. Fig. 7 clearly il-
lustrates how the LSR algorithm can correct biases of the mean
behavior of the COSMO-DE low cloud cover forecasts.
Secondly, a multi-category contingency table is calculated by
use of ’single observation-single forecast’ matching strategy,
following e.g. Ref. [49]. The months with low stratus errors in 2013
and 2014 were evaluated for the times 06, 09, and 12 UTC, corre-
sponding to the underlying data of Fig. 7. The scores used for the
multi-contingency table are the critical success index (CSI) and the
false alarm ratio (FAR). On the left hand side in Fig. 8 is the
CSI ¼ hits
hitsþmissesþ false alarms (1)
which determines howwell the observed events correspond to the
forecasted events and thus measures the correct predictions of the
events. A value of one would indicate a perfect deterministic fore-
cast. On the right hand side in Fig. 8 is the false alarm rateFAR ¼ false alarms
hitsþ false alarms; (2)
with zero as best result. In Fig. 8, CSI and FAR are plotted as the
saturation deﬁcit (0.8,0.6,0.4,0.2,0.01) and the inversion strength
(0.6,0.8,1.,1.2,1.4) vary. The diagonal (from bottom left to top right)
corresponds to the LSR values 10, 30, 50, 70, 90%, respectively (see
Table 1). Regarding Fig. 8, we see that, with the conservative criteria
(0.01, 1.4), the CSI is very poor but at the same time the FAR is near
to zero. Conversely, with the less constrictive criteria (0.8, 0.6), the
number of correctly forecasted events increases (higher CSI values)
but at the same time the number of false alarms rises. The com-
binations of (invcrit, satcrit) selected to deﬁne LSR in Table 1 cover a
large range of (CSI, FAR) results, and thus should be useful for a
large range of users with different sensitivity to risk.
This diversity of results can be related to the forecast informa-
tion content within the receiver operating characteristic (ROC)
framework. The ROC curve was originally developed for use in the
radar signal-detection theory [50] but has been successfully applied
in the ﬁeld of atmospheric science to assess the discrimination
ability of a forecast [51]. Discrimination is intended as the ability of
a forecast to distinguish between event and non-event. The ROC
curve consists in plotting the true positive rate (TPR, also known as
probability of detection) and the false positive rate (FPR, also
known as probability of false detection) as a decision criterion
varies. The choice of the decision criterion represents the user's
behavior in a decision making framework under uncertainty. The
relative sensitivity to false alarms and hits, to under- and over-
forecasting, is related to the user's level of risk adversity.
Here, a range of thresholds are applied to the LSR product, and
for each decision criterion TPR and FPR are estimated as follows:
TPR ¼ hits
hitsþmisses ; (3)
and
Fig. 7. Low stratus frequency for 06 (top row), 09 (middle row) and 12 (bottom row) UTC calculated from the NWCSAF cloud classiﬁcation product (left column) and the COSMO-DE
based LSR for conservative (right column, satcrit ¼ 0.01, invcrit ¼ 1.4) and less restrictive (middle column, satcrit ¼ 0.8, invcrit ¼ 0.6) criteria. The evaluated months are Jan., Feb., Mar.,
Apr., Dec. 2013, and Jan., Mar., May, Oct., Nov., Dec. 2014 (for more information see text).
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Fig. 8. Multi-contingency tables using the inversion strength and saturation deﬁcit. The CSI (left) and FAR (right) result from the comparison between the LSR and NWCSAF based
cloud classiﬁcation product for the months with low stratus errors in 2013 and 2014 considering 06, 09 and 12 UTC, as in Fig. 7.
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correct negativesþ false alarms ; (4)
respectively. No discrimination is depicted by a diagonal ROC curve,
while concavity of the curve indicates forecast discrimination
ability. The area under the ROC curve is commonly used as sum-
marymeasure of the forecast information content. In Fig. 9, the ROC
curve of the LSR product (red line) is compared to the ROC curve of
the conservative criteria (blue line) which is comparable to the
COSMO-DE low cloud cover forecast. LSR products exhibit
discrimination ability and higher information content than theFig. 9. ROC curve depicting the false positive rate over the true positive rate for the low
stratus risk values based on different saturation deﬁcit and inversion strength criteria.
The blue dashed line is the ROC curve based on the conservative assumption leading to
a 10 % LSR (see Table 1). The red dashed line shows the results leading to a 10, 30, 50,
70, 90 % LSR (see Table 1). The light grey diagonal represents the line of no discrimi-
nation. Based on the same data as Fig. 7 and Fig. 8.deterministic forecast. The additional information is of particular
interest for user with high risk adversity (moving to top right
corner of the plot). This aspect could be further strengthened
adding more weak criteria (invcrit, satcrit) in the LSR deﬁnition.
As these scores are based on the raw single observation-single
forecast matching strategy, further improvements can be ach-
ieved by post-processing of the data, e.g. upscaling or in ’single
forecast-neighborhood forecast’ matching. Adding further loose
criteria would however not only increase the quality of the LSR but
would rather also cause an increase in false alarm rate. Overall it
can be concluded, that there is a high gain in information for the
low stratus knowledge by applying the LSR post-processing algo-
rithm. Even though there is still a severe underprediction in low
stratus occurrence in comparison to NWCSAF-data (see Fig. 7), the
LSR outperforms the sole NWP low stratus forecast.7. Conclusions
The forecasting of fog and low stratus is still a challenging task
for state-of-the-art NWP models. Errors in the solar radiation
forecast of numerical weather prediction models propagate to er-
rors in the PV power forecast. Shown in section 3 is that 31% of the
days with the highest mean absolute Germany-wide day-ahead PV
power forecast errors in 2013 and 2014 are closely related to fog
and low stratus occurrence. At times, the accumulated error in PV
power reaches the same magnitude as the balancing power. As this
poses a potential threat for grid stability, a NWP based low stratus
risk (LSR) product was developed with the objective to support
TSOs in their decision making processes.
While other data resources such as satellite data and measure-
ments can be utilized for nowcasting and short term forecasts,
these are not available for day-ahead forecast improvement. For
this reason, the LSR product targets day-ahead forecasts and aims
to alert TSOs about the possible occurrence of low stratus clouds for
the upcoming day. The LSR is based on the deterministic 03 UTC
model forecasts with a maximum lead time of 45 h of the regional
non-hydrostatic model COSMO-DE.
Quasi-saturated regionswith a less pronounced inversion pose a
challenge to NWP models because a slight change in the
Table 3
Days with missing NWCSAF satellite data.
01-01-2013 10-01-2013 21-01-2013 22-01-2013
23-01-2013 24-01-2013 25-01-2013 12-02-2013
13-02-2013 14-02-2013 15-02-2013 16-02-2013
17-02-2013 18-02-2013 19-02-2013 20-02-2013
21-02-2013 22-02-2013 23-02-2013 24-02-2013
07-10-2013 24-10-2013 02-03-2014 03-03-2014
04-03-2014 26-10-2014 30-11-2014
Table 2
The 100 days with the largest day-ahead error for the PV power forecast in 2013 and
2014. The magnitude of MAE within 24 h decreases from top to bottom and left to
right. The days where fog was present are in italic script.
03-04-2013 12-02-2013 09-08-2013 21-07-2014
05-04-2014 28-07-2013 27-10-2014 17-05-2014
05-04-2013 12-10-2013 08-09-2013 06-05-2013
24-04-2013 11-07-2013 20-08-2013 24-05-2013
04-03-2013 04-05-2014 02-07-2014 28-08-2014
02-04-2013 30-11-2014 06-03-2013 25-02-2014
03-03-2013 04-04-2013 28-10-2013 18-01-2013
31-03-2014 30-05-2014 19-01-2014 06-10-2014
15-03-2013 15-05-2014 24-03-2013 29-08-2014
28-03-2013 30-03-2013 23-02-2013 26-06-2013
15-04-2014 25-04-2014 17-04-2013 09-11-2013
07-09-2014 03-05-2014 19-11-2013 07-03-2014
16-03-2013 28-02-2013 30-12-2013 02-01-2013
29-11-2014 24-07-2013 14-06-2014 17-03-2014
24-05-2014 25-06-2014 13-02-2014 18-02-2013
04-04-2014 25-01-2014 07-02-2013 20-04-2014
02-03-2013 02-05-2014 26-04-2014 06-04-2013
28-11-2014 08-03-2013 23-04-2013 28-07-2014
29-03-2013 09-04-2013 14-12-2013 27-03-2013
23-03-2013 13-01-2013 19-05-2013 29-05-2014
25-06-2013 31-07-2013 20-06-2014 12-09-2013
14-01-2013 05-05-2013 07-08-2013 11-04-2013
18-02-2014 31-01-2014 17-10-2013 26-08-2014
05-03-2013 18-05-2013 01-12-2014 28-12-2014
28-10-2014 27-08-2013 05-11-2013 14-04-2013
C. K€ohler et al. / Renewable Energy 101 (2017) 794e803802thermodynamic state variables can severely alter the cloud cover.
This uncertainty is accounted for in the LSR product. On the basis of
the thermodynamic state of the COSMO-DE an alteration of the SK-
scheme [36] is used as post-processing algorithm. Thresholds for
the inversion strength and the saturation deﬁcit determine the
behavior of the LSR. With strict criteria, the LSR gives conservative
estimations of the low cloud cover (comparable to the direct NWP
output) and with less constrictive criteria, broader areas are
marked to be potentially affected by low stratus. Even though the
LSR inherits the errors of the underlying NWP model, the resulting
LSR serves as additional information to the likelihood of low stratus
occurrence.
A comparison between the LSR and a NWCSAF based cloud
classiﬁcation product of low stratiform clouds was conducted. A
veriﬁcation showed that the frequency of low cloud cover is
severely underpredicted by the COSMO-DE. Though, when evalu-
ating the LSR with less constrictive conditions (invcrit ¼ 0.6,
satcrit ¼ 0.8) the frequency of occurrence is increased. Further
loosening the LSR criteria would cause an additional increase in
false alarm rate. By means of the area under the ROC curve, it be-
comes apparent that the current choice in thresholds for the LSR
algorithm result in an additional gain for low stratus forecasts.
The LSR clearly does not intend to substitute essential work
which has to be conducted in NWP development to improve the
low stratus predictions. Yet, it is a helpful tool for gaining additional
information about the underlying model's atmospheric state and
thus the corresponding low stratus forecast. In preliminary studies,
the LSR also showed promising results when combined with a
statistical post-processing in order to provide reliable probabilistic
products [52]. The beneﬁt of the LSR for the optimization of the
regional PV power generation is currently investigated by the DWD
and the Fraunhofer IWES. The presented work was conducted
within the project EWeLiNE (http://www.projekt-eweline.de/en/
index.html) which also incorporates wind power forecast. Thus,
in the associated work (Part A) by Ref. [53], critical weather ele-
ments for wind power, such as cyclones, are assessed and an
automated cyclone detection tool is designed. Furthermore, the LSR
and cyclone detection are currently being implemented in a real
time suite available to the TSOs for testing purposes in their day-to-
day business. These works contribute to the continuous interdis-
ciplinary research between NWP developers, power forecast pro-
viders and TSOs to maintain grid stability and support the
renewable energy transition.
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Appendix
An analysis of the 100 largest Germany-wide PV power day-
ahead errors in 2013 and 2014 results in the days listed in
Table 2. The days when the error is most likely associated to the
presence of fog or low stratus are written in italic script.Days were the NWCSAF data was not available is listed in
Table 3. These days are excluded from the validation in section 6.References
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